Market penetration of energy-efficient technologies can be estimated using energy optimization models that minimize cost; however, such models typically estimate the minimum cost of optimal pathways under a certain set of non-dynamic assumptions, so technology penetrations determined for the longterm do not fully respond to changing circumstances or costs. In this study, investment costs of energy-efficient technologies are modeled dynamically in the Industrial Sector Energy-Efficiency Model (ISEEM) using a technological learning formula. Results from 24 energy-efficient technologies -14 existing, 10 emerging -selected from the United States (U.S.) iron and steel sector show that when technological learning is incorporated into the model, total energy consumption of this sector is expected to decrease by 13% (180 PJ) in 2050 compared to energy consumption in a non-learning scenario. Average energy intensity of the steel production improves from 12.3 GJ/t in the non-learning scenario to 10.7 GJ/t in the learning scenario in 2050. This decrease represents a cost savings of US$1.6 billion and a carbon dioxide emissions reduction potential of 14.9 billion tonnes. Results discussed in this paper focus on the U.S. iron and steel sector, but the proposed framework can be applied to study new technology development in any other industrial processes and regions.
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Introduction
Energy models have been used for decades to support understanding of current and future energy-related issues such as demand and supply, environmental impacts, economic performance, and policies. Energy models also assist those responsible for policy and technology investment decisions for future energy systems.
Energy models with the objective of minimizing cost typically allocate weights to technologies using assumptions and parameters from a given point in time. This static approach prevents optimization from responding to evolving circumstances, such as decreasing technology costs [1] . Although new and emerging energy-efficient technologies have significant potential to save energy and reduce carbon dioxide (CO 2 ) emissions, most are, in their early stages, not cost-competitive against conventional practices. As a result, they are unlikely to be included in the optimal mix determined by a model minimizing cost, or their adoption is not anticipated to be rapid enough to reach a specified level of energy savings unless the cost reduction resulting from these technologies is modeled properly. Similarly, technology adoption rates determined by the model are also unlikely to be realistic if the cost decrease associated with the technology is optimistic.
Studies have shown a strong correlation between technology investment cost and market adoption. The learning curve can capture this relationship by considering the cost of a given technology as a function of cumulative installed capacity or cumulative production. The curve approximates the ''experience or knowledge" accumulated when the technology is deployed. The cost of a technology might decline as a result of increasing market adoption because of the accumulation of knowledge through 
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Applied Energy j o u r n a l h o m e p a g e : w w w . e l s e v i e r . c o m / l o c a t e / a p e n e r g y learning-by-doing and learning-by-using [2] [3] [4] . Although a number of factors, including technical, economic, environmental, social, and policy, can influence cost reductions, the learning curve approach can still be a useful tool to project cost reductions and has been widely used to describe cost change during the period when a technology is deployed. In their wind turbine price analysis, Yu et al. [5] showed that learning is the most important factor associated with the larger turbine price reductions in China.
Integration of endogenous technological learning (ETL) in energy models allows the models to dynamically decrease the cost with increasing market adoption rates [6] . Faster adoption of the technology may simulate further decrease in costs [6] [7] [8] [9] . Learning curve approach has been incorporated into many energy models to project cost reductions from investment in new energy generation or conversion [10] . Yao et al.
[11] used a learning curve approach while investigating financing options to support grid parity for wind electricity in China. Their results showed that a learning rate of 8.9% would be necessary to make wind electricity competitive. Bergesen and Suh [12] investigated the impact of technological learning with cadmium telluride (CdTe) photovoltaics (PV) on greenhouse gas (GHG) emissions and costs. According to the results, learning could further reduce emissions and costs by up to 1-2%, compared to a non-learning case. Wu et al.
[13] explored long-term cost of carbon capture and storage in China when learning was included. Wand and Leuthold [14] examined the potential effects of Germany's feed-in tariff policy for roof-top solar PV systems for 2009 and 2030 by using a dynamic optimization model including learning-by-doing. Nakata et al. [15] integrated ETL into a bottom-up energy-economic model to examine clean coal technologies in Japan. Their results illustrated that technological progress by learning has a positive impact on the penetration of clean coal technologies in the electricity market, and the learning model has a potential for assessing upcoming technologies in future.
To the authors' knowledge, no study has investigated the impacts of learning on energy-efficient technologies in industrial processes. Evaluating the energy and environmental impacts of emerging energy-efficient technologies in industrial processes requires a prospective modeling of how total costs and inputs change with scale and experience. In this paper, energy savings and CO 2 emission reduction potentials in the United States (U.S.) iron and steel sector are assessed by incorporating learning curves for energy-efficient technologies into a bottom-up linear optimization model, the Industry Sector Energy Efficiency Model (ISEEM), so that investment costs of selected technologies decrease as a function of their cumulative activity. Iron and steel sector is one of the highest energy and emission intensive industrial sectors, accounting for about 22% of world total industrial energy use and 31% of industrial direct CO 2 emissions in 2012 [16] . The U.S. is the fourth largest steelmaking country in the world with a production of 78.8 Million tonnes (Mtonnes) in 2015 [17] . Our analysis focuses on a selection of energy-efficiency measures: 14 existing and 10 emerging technologies. The examination of the existing and future energy efficiency potential in this sector with presence of learning will help us better understand long-term energy needs and improvement opportunities.
The remainder of the paper is organized as follows: Section 2 presents an overview of learning curve studies. Section 3 presents our methodology, assumptions, and energy model. Section 4 discusses analysis results. Section 5 reports our conclusions.
Literature review
Technological learning, often termed leaning-by-doing, was proposed as a way to represent technical change in Wright [18] and Arrow [19] . The traditional learning curve considers the specific cost of a given technology as a function of cumulative capacity or cumulative production. Specifically, for each doubling of cumulative production, the unit production cost decreases by a certain value known as the learning rate [10] 
